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Alcohol use disorders (AUDs) cause adverse health effects and remarkable costs to the society. 
This study focused on the more severe outcomes of AUDs with the number of alcohol-related 
hospitalizations as the outcome variable. Previous studies have identified several risk factors for 
alcohol use disorders, but risk factor studies on alcohol-related hospitalizations have mainly 
concentrated on the volume and pattern of drinking and socio-economical factors as predictors of 
alcohol-related hospitalization. This study focused on examining the role of alexithymia, 
cynicism and depression as psychosocial predictors of multiple alcohol-related hospitalizations 
among middle-aged and elderly Finns. In addition, socioeconomic factors and alcohol 
consumption patterns were included in this analysis.  
 
Study subjects (n=71) were from a sub-group from the Kuopio Ischemic Heart Disease Study 
(KIHD), which is an ongoing prospective population-based study investigating risk factors for 
major public health diseases with approximately 3000 participants. The study population 
consisted of KIHD study subjects, who were hospitalized in the Kuopio University hospital 
between 1990-2011 due to somatic alcohol-related diagnosis (n= 71). Information from the 
Kuopio University hospital patient records was combined with the KIHD baseline questionnaire 
data consisting of socioeconomic status and health behaviour concerning alcohol consumption 
patterns, volume of drinking and drinking preferences. Finally, the measures from the Toronto 
Alexithymia Scale (TAS-26), Cynical Distrust Scale and Human Population Laboratory (HPL) 
were obtained and included from the KIHD baseline questionnaire. 
 
Data analyses were performed with BayesiaLab Academic software and a naïve Bayesian 
classification (NBC) was applied in order to create a model that predicted the number of alcohol-
related hospitalizations among the middle-aged and elderly Finns. Also PREQ, a web-based 
naïve Bayes classifier (NBC), was used in the modeling. For a comparison to the Naïve Bayes 
model, binary logistic regression analysis was conducted. The justification for preferring Naïve 
Bayesian modelling instead of logistic regression arises from the methodological studies: for 
very small sample sizes, generatively trained naïve Bayes classifiers have systematically 
outperformed logistic regression models. 
 
Altogether, 72 different risk factors were examined. The Naïve Bayes model identified binge-
drinking dose as the strongest predictor of multiple alcohol-related hospitalizations. Gender and 
Toronto Alexithymia Scale sub-question “feelings that even doctors don’t understand” were 
equally the second strongest predictors of multiple alcohol-related hospitalizations. Total 
precision rate of the model was 74.65%. Sensitivity of the model was 70%, specificity was 75%, 
positive predictive value of the model was 32% and negative predictive value was 94%.  Socio-
economic factors, depression or cynicism did not predict the severity of alcohol use disorders. 
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ABBREVIATIONS 
 
AUD Alcohol use disorder 
 
CON  Constraint 
 
HPL  Human Population Laboratory Depression Scale  
 
ICD-10 International classification of diseases 
 
KIHD Kuopio Ischemic Heart Disease Study 
 
LOOCV  Leave-one-out cross-validation  
 
MPQ  Multidimensional Personality Scale 
 
NBC  Naïve Bayesian classification 
 
NEM  Negative emotionality 
 
NEO-PI-R  Personality inventory tool  
 
PEM  Positive emotionality 
 
PREQ  Proactive evidence for quality, name of a web-based naive Bayes classifier 
 
TAS-26 26-item Toronto Alexithymia Scale  
 
 
 
 
 
 
 
 
 
 
 3 
TABLE OF CONTENTS 
 
1. INTRODUCTION ......................................................................................................................... 7 
2. LITERATURE REVIEW .............................................................................................................. 8 
2.1 Definitions ................................................................................................................................ 8 
2.1.1 Definition of alcohol use disorders ................................................................................... 8 
2.1.2 Definition of binge drinking ............................................................................................. 8 
2.2 Etiology of alcohol use disorders – a life-course approach ..................................................... 9 
2.3 Clinical course and temporal progression of alcohol use disorders ....................................... 10 
2.4 Association of personality traits and alcohol use disorders (AUDs) ..................................... 12 
2.4.1 Alexithymia as risk factor for alcohol use disorders ....................................................... 13 
2.4.2 Cynicism as risk factor for alcohol use disorders ........................................................... 14 
2.5 Psychosocial factors as predictors of alcohol use disorders (AUDs) ..................................... 15 
2.5.1 Depression as psychosocial risk factor for alcohol use disorders ................................... 15 
2.6 Predictors of alcohol-related hospitalizations ........................................................................ 16 
3. AIMS OF THE STUDY .............................................................................................................. 18 
3.1 Main aim of the study ............................................................................................................ 18 
3.2 Specific aims of the study ...................................................................................................... 18 
4. RESEARCH QUESTIONS .......................................................................................................... 19 
5. STUDY DESIGN ......................................................................................................................... 19 
6. MATERIALS AND METHODS ................................................................................................. 19 
6.1 Study population .................................................................................................................... 19 
6.2 Data-collection method .......................................................................................................... 20 
6.3 Data-analysis methods ........................................................................................................... 20 
6.3.1 Classification of the variables ......................................................................................... 23 
6.4 Ethical consideration .............................................................................................................. 20 
7. RESULTS .................................................................................................................................... 28 
7.1 SPSS binary logistic regression analysis ............................................................................... 28 
7.2 BayesiaLab and supervised learning – Naïve Bayes modelling ............................................ 30 
7.3 PREQ ..................................................................................................................................... 36 
7.4 Final version of the Naïve Bayes analysis ............................................................................. 38 
8. DISCUSSION .............................................................................................................................. 43 
 4 
9. CONCLUSIONS .......................................................................................................................... 48 
REFERENCES ................................................................................................................................. 49 
APPENDIX ...................................................................................................................................... 57 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 5 
LIST OF TABLES 
 
Table 1. Description and comparison of the variables according to the outcome group………… 22 
 
Table 2. Alexithymia score of the study population at the baseline……………………………… 26 
 
Table 3. Cynical Distrust scale scores in quintiles……………………………………………….. 26 
 
Table 4. Human Population Laboratory Depression Scale (HPL) score distribution among men.. 27 
 
Table 5. Binary logistic regression model for alcohol-related hospitalization and socio-economic 
factors.....…………………………………………………………………………………………. 28 
 
Table 6. Binary logistic regression model for alcohol-related hospitalization and cynicism-, 
alexithymia- and HPL depression score………………………………………………………….. 29 
 
Table 7. Binary logistic regression model for alcohol-related hospitalization and smoking status 
and drinking pattern and volume.………………………………………………………………… 29 
 
Table 8. Leave-one-out cross-validation (LOOCV)……………………………………………… 37 
 
Table 9. Variables included after LOOCV……………………………………………………….. 37 
 
Table 10. Sensitivity and specificity of the model………………………………………..……… 38 
 
 
 
 
 
 
 
 
 
 
 
 6 
LIST OF FIGURES 
 
Figure 1. First step of the Naïve Bayes predictive model: Arc’s mutual information………….. 32 
 
Figure 2. First step of the Naïve Bayes predictive model: Visual mapping and Pearson’s 
correlations……………………………………………………………………………………… 33 
 
Figure 3. Target mean analysis…………………………………………………………………. 35 
 
Figure 4. Final version of the Naïve Bayes predictive model and Arc’s mutual information….. 39 
 
Figure 5. Final version of the visual mapping and the Pearson’s correlations…………………. 40 
 
Figure 6. Final version of the target mean analysis…………………………………………….. 41 
 
Figure 7. Targeted evaluation of the number of alcohol-related hospitalizations………………. 42 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 7 
1. INTRODUCTION 
 
According to the life-course approach, risk factors for diseases are cumulative through out the 
lifespan from childhood to later adult life (Kuh et al. 2003). In alcohol use disorders (AUDs) 
different genetic and environmental factors interact together across the life-course, creating an 
individual susceptibility to generating these disorders (Wetterling et al. 2003; Schuckit 2009; 
Enoch 2012). Several risk factors for AUDs have been identified, ranging from childhood 
socioeconomic status and stressful life events to genetic polymorphisms (Enoch 2012; Belcher 
2014). In addition, different personality traits and mental health conditions have been identified 
as risk factors for AUDs (King et al. 2003; Schuckit 2009; Mitchell & Potenza 2014; Belcher et 
al. 2014). This study focuses on examining the role of alexithymia, cynicism and depression in 
severe outcomes of AUDs, defined as more than one alcohol-related hospitalization period. In 
addition, socioeconomic factors and alcohol consumption patterns were included in this analysis. 
 
The relationship between alcohol consumption and adverse health effects is complex and 
multidimensional (Rehm et al. 2003). It is known that alcohol is causally related to over 60 
different diseases and it causes remarkable costs to the society in the form of increased health 
care costs (Moos 2004; Room 2005; Rehm et al. 2009; WHO2013b). The clinical course of 
alcohol use disorders is attributable to the frequency and levels of consumption through out the 
life course (Saitz et al. 2008; Schuckit 2009) and this course is closely dependent on the starting 
age of the alcohol use disorders: early onset drinkers differ substantially form the late onset 
drinkers when compared with socioeconomic status or the severity of drinking problem 
(Cloninger et al. 1996; Johnson 2000; Wetterling et al. 2003; Schuckit 2009).  
 
Previous risk factor studies on alcohol-related hospitalizations have mainly concentrated on the 
volume and pattern of drinking and socio-economical factors (Mäkelä & Paljärvi 2007; Lawder 
2011; Poikolainen et al. 2011). In this study, personality traits and psychosocial factors are 
examined as predictors of multiple alcohol-related hospitalizations among the middle-aged and 
elderly Finns, focusing specifically on the possible role of alexithymia, cynicism and depression. 
Previous studies show the prevalence of alexithymia among alcohol dependent people is between 
45% and 67%, but currently only a limited amount of evidence exists indicating the relationship 
between alexithymia, alcohol consumption, and the severity of alcohol problems (Thornberg 
2009).  
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Furthermore, the consensus on alexithymia as a risk factor for alcohol use disorders (AUDs) has 
not yet been achieved (Haan et al. 2012). Similarly, a limited amount of studies exists on the role 
of cynicism as risk factor for AUDs. According to the previous studies, cynical hostility has been 
positively associated with alcohol use (Almada et al. 1991; Pulkki et al. 2003). The strongest 
evidence is found on depression as risk factor for AUDs, but the temporal sequence between 
alcohol consumption and depression has not yet achieved a common consensus (Boden & 
Fergusson 2011).  
 
 
2. LITERATURE REVIEW 
 
2.1 Definitions  
 
2.1.1 Definition of alcohol use disorders  
 
Alcohol use disorders (AUDs) vary from periodic problematic overuse to chronic and 
progressive alcohol dependency. AUDs are divided into three categories in the ICD-10: harmful 
drinking, alcohol abuse and alcohol dependence (Wetterling et al. 2003; Schuckit 2009). In 
harmful use of alcohol, drinking is causing damage to health as well as possible adverse social 
consequences. According to ICD-10 the definition of harmful alcohol use includes presence of 
physical or physiological complications. (Wetterling et al. 2003; Schuckit 2009). Alcohol 
dependence is a chronic medical disorder where 3 or more criteria of ICD-10 definition is 
fulfilled: strong desire or sense of compulsion to drink alcohol; impaired capacity to control 
drinking in terms of its onset, termination or levels of use; physiological withdrawal state; 
evidence of tolerance to the effects of alcohol; preoccupation with drinking; persistent substance 
use despite clear evidence of harmful consequences  (Wetterling et al. 2003; Dimartini 2007).  
 
2.1.2 Definition of binge drinking 
 
Binge drinking is a pattern of heavy episodic alcohol consumption, consisting of 5 or more 
drinks per one occasion and leading to an increased blood alcohol concentration (BAC) of 0.8g/L 
or above (NIAAA 2014). This drinking pattern is a cause of a wide range of health and social 
consequences. In the Finnish adult population the proportion of binge drinking occasions of all 
drinking occasions in 2000 was 29% among men and 17% among women (WHO 2004). 
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2.2 Etiology of alcohol use disorders – a life-course approach 
 
As in many other chronic conditions, genetic and biological factors combined with social, 
psychological and environmental factors interact together influencing the risk of developing 
alcohol use disorders (NIAAA 2005).  Approximately 40-60% of the risk for developing alcohol 
use disorders is explained by genetic factors (Goldman et al. 2005; Schuckit 2009). 
Polymorphisms with variation in receptors for γ-aminobutyric acid, acetylcholine and dopamine 
are associated with impulsivity, disinhibition and sensation seeking, contributing to vulnerability 
to substance abuse. In addition, certain gene variations and polymorphisms in genes that encode 
e.g. an allele of the serotonin transporter and genes that affect glutamate receptors cause low 
sensitivity to alcohol and hence increase the risk of alcohol use disorders. Where as 
polymorphisms in genes coding alcohol-metabolizing enzymes are associated with lower risk of 
alcohol use disorders due to their alcohol sensitizing effect. (Schuckit 2009.) 
 
Environmental factors, such as availability of alcohol, attitudes towards drinking, stress, and 
stress-related coping strategies, are predictors of alcohol dependence in adulthood for 
approximately half of the individuals exposed to alcohol. In addition, gene-environment 
interaction has been presented as one of the possible mechanisms on the development of 
alcoholism. (Schuckit 2009; Enoch 2012.) Especially early-life stress has been thought to cause 
neurobiological changes, which combined together with genetic influence may further increase 
the vulnerability to addiction (Enoch 2012). Early-life stress includes childhood maltreatment 
and stressful life events, which often co-occur. Exposure to early-life stress is rather common; 
approximately half of the adults in general population in the United States have reported 
stressors before age of 18. Most common exposures were parental divorce or death, family 
violence, and economic adversity. In the US general population, early-life stress accounted for 
only 26-32% of substance use disorders (Green et al. 2010), whereas among the treatment-
seeking alcoholics up to 80% had experienced childhood maltreatment (Evren et al. 2006). 
Early-life stress is associated particularly with early-onset problem drinking (Rothman et al. 
2008; Enoch 2011) and binge drinking behaviour in adulthood (Kauhanen et al. 2011). The 
mechanism between stressful life-events and substance use disorders might be the disruption of 
reward-related neural circuitry (Casement et al. 2014). 
 
Recent studies on psychological factors as predictors of alcohol use disorders have identified 
internalizing and externalizing psychopathology as major risk domains underlying the 
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development of AUDs. (McGue & Irons 2013.) Externalizing psychopathology includes a broad 
group of disorders, including antisocial behaviour and substance use disorders. Internalizing 
psychopathology represents a spectrum of conditions characterized by negative emotions, 
including depression, anxiety, and phobias. (Krueger et al. 2005; Krueger & Markon 2006.) 
Eddie et al. (2015) studied different pathways associated with the severity of the alcohol use 
disorders. The authors identified two different developmental risk processes indicating the 
severity of alcohol use disorders. The first pathway identified male sex and family history of 
drug use disorder as predictors of greater childhood behaviour problems and if the childhood 
behaviour problems transformed into anxiety disorders, they contributed to the severity of 
AUDs. The second model identified having a family history of AUD as predictor of AUD 
severity through anxiety disorders and major depressive disorder pathways. 
 
2.3 Clinical course and temporal progression of alcohol use disorders 
 
The course of alcohol use disorders can be seen as chronic disease causing somatic, psychiatric 
and social problems. This course is attributable to the average volume of alcohol consumption 
and pattern of drinking. The course of the disease is typically characterised as relapsing and the 
need for care is on-going. (Saitz et al. 2008; Schuckit 2009.) An estimation of the mean duration 
of one episode of alcohol dependence was 3.7 years in a US population-based sample and the 
average amount of alcohol dependence episodes was 5 (Saitz et al. 2008). Notably, 
approximately 20-30% of the people with alcohol use disorders manage to achieve long-term 
remission without any formal treatment services. Typically remission occurs in pursuance of 
deteriorating health, new life-partner, parenthood or maturation over time. (Schuckit 2009.) 
 
Many subtypes of alcohol dependency have been suggested (Jellinek et al. 1953; Lesch et al. 
1988; Morey & Skinner 1986; Cloninger 1987; Babor et al. 1992) and some attempts exist to 
genetically validate different subtypes of alcohol use disorders (Lee et al. 2014). Cloninger 
(1987) identified two genetic subtypes based on a neurobiological learning model: Type I 
alcoholism is thought to affect both men and women through genetic and environmental factors 
and commences later in life with varying severity. Type II alcoholism occurs typically in sons of 
male alcoholics and is only weakly influenced by environmental factors. It often receives more 
severe forms and begins in adolescence or early adulthood. (Cloninger 1987; Cloninger et al. 
1996.) 
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In addition, middle-aged and elderly problem drinkers are typically classified into early- and 
late-onset cases in order to help recognising patients with alcohol-related problems in clinical 
settings. Type I alcohol use disorders include late-onset drinking behaviour and more severe 
psychological dependence combined to high harm avoidance and low novelty seeking. Early-
onset drinkers, including type II alcohol use disorders, are lifelong problem drinkers who have 
survived into old age where as late-onset drinkers have created drinking problem later in life, 
possibly due to stressors in life such as retirement or bereavement. Early-onset drinkers are often 
described as having more behavioural disturbances, low harm avoidance and high novelty 
seeking. (Cloninger et al. 1996; Johnson 2000; Lee et al. 2014.) Typical age of early-onset of 
alcohol abuse is between the adolescence and mid-20s (Cloninger et al. 1996; Schuckit 2009). In 
addition, certain personality dimensions have been associated with particular neurotransmitter 
system; harm avoidance behaviour has been associated with serotoninergic system and novelty-
seeking behaviour is being mediated by the dopaminergic system (Cloninger 1987; Lee et al. 
2014). 
 
According to Wetterling et al. (2003), late-onset drinkers were significantly different from early- 
onset drinkers. Not only did they began to drink alcohol later, they also showed lower rates of 
daily consumption and lower number of detoxifications. Late-onset drinkers reported less 
frequently on preoccupation with drinking and loss of control. Instead, they reported continuous 
abstinence more often than early onset drinkers (31.1% vs. 5.9%). In addition, late onset drinkers 
had better socioeconomic conditions; they for instance lived more often in partnership or were 
widowed, had a job or were retired, and had significantly higher income compared to early-onset 
drinkers. (Wetterling et al. 2003.) Schutte et al. (1998) identified late-onset problem drinkers as 
relying more on avoidance coping strategies and being less likely to have acute medical 
conditions that could potentially be complicated by alcohol consumption (Schutte et al. 1998). 
Finnish study conducted by Aalto & Holopainen (2008) focused on the elderly problem drinkers 
and concluded that elderly late-onset drinkers have better mental health status and fewer adverse 
health consequences. (Aalto & Holopainen 2008.) 
 
Absence of an agreed cut-off age for late –onset cases remains a challenge (Johnson 2000). 
Wetterling et al. (2003) used a cut-off age of 45 years for late-onset of alcoholism and the same 
cut-off age was applied also in this study. 
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Gender differences in AUDs and in the course of the disorder have been studied rather 
extensively and it seems, that the course of alcohol use disorders does not differ remarkably by 
gender (Schuckit et al. 1998). In general, the proportion of abstainers is higher among women 
and women differ from men in their pattern of exposure to alcohol, as they are less likely to use 
alcohol repeatedly (Neve et al. 1996). Women with AUDs have significantly later age of onset of 
regular drinking compared to men (York & Welte 1994; Schuckit et al. 1998). Men with AUDs 
are more prone to violent behaviour and having accidents. Binge drinking is also more prevalent 
among men. Due to physiological differences, women develop higher blood alcohol 
concentration than men after consuming the same number of drinks. But it seems that women 
experience lower rates of physiological problems due to alcohol. (Schuckit et al. 1998.) 
Interestingly, men with AUDs have higher rates of both inpatient and outpatient treatment 
periods (Schuckit et al. 1998). 
 
2.4 Association of personality traits and alcohol use disorders (AUDs) 
 
Structure of personality has been linked to structure of psychopathology and alcohol use 
disorders (Krueger 1999; Belcher 2014). According to Jackson & Sher (2003) the association of 
alcohol use disorders and psychological distress occurs at trait level instead of state level .The 
third variable of influence, including for instance neuroticism or childhood stressors, explains a 
substantial proportion of this association. (Jackson & Sher 2003.) For instance, King et al. (2003) 
identified women with neurotic personality were more susceptible to heavy alcohol intake 
compared to men with same personality trait.  
 
Two of the most popular personality models currently in alcohol use disorder studies are the big-
five and big-three models (Belcher 2014). Eysenck’s model of personality consists of three 
higher order personality traits: extraversion, neuroticism and psychoticism (Eysenck 1990). The 
big-three dimensions are measured by using the Multidimensional Personality Scale (MPQ), 
which consists of 11 primary trait scales coalescing around the orthogonal higher-order factors of 
positive emotionality (PEM), negative emotionality (NEM) and constraint (CON) (Clark & 
Watson, 1999). According to Belcher (2014) PEM and NEM are linked to the brain systems 
underlying appetitive-approach and defensive -withdrawal behaviours. CON includes traits 
related to behavioural restraint and control. (Belcher 2014.) In the five-factor model, the 
structure of personality traits consists of five superordinate dimensions: Neuroticism, 
Extraversion, Openness to experience, Agreeableness and Conscientiousness and they can be 
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described comprehensively with personality inventory tool NEO-PI-R (Costa & McCrae 1985; 
Costa & McCrae 2008). McCrae & Costa (1997) have suggested that personality structure may 
be universal. Consensus on the stability of personality traits throughout the life-course has not 
been achieved, but the idea of slight changes through out the adulthood has received support 
(Soldz & Vaillant 1999; Caspi & Roberts 2001).  
 
Estimations of genetic influence on personality traits are between 40-60%. Association of genes 
and neuropsychiatric disorders is difficult to observe, due to the fact that genetic effects are 
subject to strong environmental influences and the causal relationships are complex by their 
nature. Belcher et al. (2014) supported the concept of endophenotype, which aims at identifying 
predisposing genes through genetic analysis of cognitive and neurophysiological markers of the 
psychiatric disorders. By using this concept, the authors identified persons with low positive 
emotionality (PEM) personality trait or high negative emotionality (NEM) trait or low constraint 
(CON) for impulsive action being most vulnerable to developing substance use disorders. 
(Belcher et al. 2014.) These findings are inline with the results of a recent meta-analysis (Kotov 
et al. 2010), according to which the substance use disorders were linked with high disinhibition, 
low conscientiousness, and low agreeableness (Kotov et al. 2010). 
 
2.4.1 Alexithymia as risk factor for alcohol use disorders 
 
Alexithymia is a personality trait characterised by difficulties in recognising, processing and 
regulating emotions, and lacking of imagination (Thornberg et al. 2009; Thornberg et al. 2011). 
Previous studies have suggested that alexithymia is potentially related to male gender, lower 
levels of education, lower socio-economic status and increasing age (Pasini et al. 1992; 
Kauhanen et al. 1993; Salminen et al. 1998). Prevalence rate for alexithymia in the Finnish 
general population has been estimated to be 9.9% (Mattila et al. 2006), but among alcohol 
dependent populations the prevalence estimations lie between 45 and 67%. Despite the high 
prevalence among alcohol dependent persons, only a limited amount of evidence exists 
indicating the relationship between alexithymia and alcohol consumption and severity the of 
alcohol problems (Thornberg 2009). Finn et al. (1987) and Haviland et al. (1994) both associated 
alexithymia to substance abuse and Kauhanen et al. (1992) found an association between 
alexithymia and heavy drinking. Despite these findings, consensus on alexithymia as a risk factor 
for alcohol use disorders has not yet been achieved (Haan et al. 2012).  
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In addition, conflicting results exist regarding alexithymia as a state or trait phenomenon 
(Saarijärvi et al. 2006; Haan et al. 2012). According to Salminen et al. (2006) alexithymia seems 
to be a stable personality trait in the general population. Timary et al. (2008) evaluated absolute 
and relative stability of alexithymia during alcohol withdrawal. The authors discovered that 
alexithymia scores at the onset of withdrawal correlated significantly with the scores at the end 
suggesting that alexithymia could be an independent risk factor for alcohol use disorders only as 
a stable personality trait (Timary et al. 2008.) Saarijärvi et al. (2006) identified relationship 
between alexithymia and severity of depression in outpatients with major depression. The 
authors concluded that alexithymia was a relatively stable trait but also a state –dependent 
phenomenon. (Saarijärvi et al. 2006.) Contradictory, Haan et al. (2012) evaluated the stability of 
alexithymia in patients with substance use disorders and concluded that alexithymia is not a 
stable personality trait among patients with substance use disorders. Roberts et al. (2006) 
demonstrated that personality trait development continues from childhood and adolescence to 
adulthood. In addition, according to Honkalampi et al. (2010) alexithymia did not predict 
diagnoses of depression or alcohol use disorders.  
 
Waldstein et al. (2002) investigated potential mechanisms underlying the relation of alexithymia 
to cardiovascular morbidity and mortality. Potential pathways linking alexithymia and 
cardiovascular health included sociodemographic characteristics such as increasing age, poorer 
health habits, low socio-economic status and relation to other psychosocial risk factors such as 
depression and hostility. 
 
2.4.2 Cynicism as risk factor for alcohol use disorders 
 
Cynicism is a dimension of a normal human personality, more specifically a part of dimension 
called agreeableness vs. antagonism. Antagonistic persons are often described as cynical, callous 
and hostile. Cynical hostility is frequently described as a suspicious, mistrustful attitude or 
disposition towards interpersonal relationships (Everson-Rose & Lewis 2005). Cook and 
Medley’s Hostility scale is used to measure cynicism. (Costa et al. 1986; Almeda et al. 1991.) 
Previously cynicism has been studied in the light of all-cause mortality and coronary heart 
diseases (Costa et al. 1986; Hardy & Smith 1988; Everson-Rose & Lewis 2005; Tindle et al. 
2009). According to Hardy & Smith (1988) cynical hostility is associated with experiences of 
increased stress and less social support. In addition, psychosocial vulnerability among persons 
with high scores in Cook-Medley’s Hostility scale might increase the risk of morbidity (Hardy & 
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Smith 1988). Arguments for hostility only as a marker of socioeconomic status have been 
presented, based on the finding that low childhood socioeconomic status is associated with high 
levels of cynical hostility in the adulthood (Harper et al. 2002). 
 
Hakulinen et al. (2014) examined the stability of cynicism and anger across the life-course and 
found moderate stability of cynicism from early adulthood to middle adulthood but the variance 
and mean levels of cynicism seemed to decrease over time. (Hakulinen et al. 2014) Nabi et al. 
(2010) also found evidence on the relationship between hostility and depression. 
 
There are not many studies available on the role of cynicism as a risk factor for alcohol use 
disorders. According to Pulkki et al. (2003) hostility was positively associated with alcohol use 
and the association of cynical hostility and alcohol use was independent of childhood and 
adulthood socio-economic status. According to Almada et al. (1991) cynicism is linked to all-
cause mortality and excessive alcohol consumption is thought to mediate this association 
(Almada et al. 1991). Also Everson et al. (1997) suggested that behavioural factors, including 
alcohol consumption, are important mediators between cynicism and mortality. 
 
2.5 Psychosocial factors as predictors of alcohol use disorders (AUDs) 
 
Psychosocial factors link psychological phenomena to the social environment and to 
pathophysiological changes (Hemingway & Marmot 1999).  Previously psychosocial factors 
have been associated with increased risk for coronary heart diseases and alcohol use disorders 
(Hemingway & Marmot 1999; Yang et al. 2006; Boden & Fergusson 2011). For instance, poorer 
psychosocial functioning has been associated with binge drinking (Yang et al. 2006).  
 
2.5.1 Depression as psychosocial risk factor for alcohol use disorders 
 
Depression is defined as a common mental disorder associated with high levels of negative 
affect. It is linked to personality traits such as neuroticism and low extraversion (Clark & Watson 
1991; Kotov et al. 2010) and is divided into internalizing spectrum of mental disorders. In 
comparison, substance use disorders are divided into externalizing spectrum of mental disorders 
and both internalizing and externalizing problems have been linked to neuroticism. (Kotov et al. 
2010.)  
 
 16 
Several genetic and environmental factors predispose individuals to depressive symptoms (Caspi 
et al. 2010). Dysregulation of GABAergic, dopaminergic and serotonergic systems are thought to 
be active mechanisms behind the etiology of depression (Bell & Briton 2014). These genetic 
factors interact with adverse environmental influences, creating an increased risk for the 
development of depression.  Especially HPA-axis hyper-reactivity may have a moderating role 
as a risk factor to increased vulnerability for depression. Currently, the molecular mechanisms 
behind stressful life events as moderators of allelic influence on HPA-axis are not known 
(Alexander et al. 2009). The heritability of depression is rather low, only approximately 37% 
(Bienvenu et al. 2011). 
 
Depression can lead to increased alcohol consumption and consequently increase the risk of 
alcohol-use disorders (Conner et al. 2009). In addition, poor mental health may be the 
maintaining factor for heavy alcohol consumption (Bell & Briton 2014). The temporal sequence 
between alcohol consumption and depression can operate in the opposite direction as well and 
increased alcohol consumption can increase the risk of depression by two-fold (Boden & 
Fergusson 2011). A recent co-twin study identified a link between history of internalizing 
psychiatric morbidity and problem drinking in midlife. Notably, psychiatric symptoms were 
assessed before the problem-drinking outcome, implicating possible causality. (Bloningen et al. 
2013.) On the other hand, a recent review on alcohol and depression found a moderately strong 
association and causal linkage between AUD and major depression, suggesting that increased 
alcohol consumption increased the risk of depression (Boden & Fergusson 2011). 
 
2.6 Predictors of alcohol-related hospitalizations  
 
The relationship between alcohol consumption and adverse health effects is complex and 
multidimensional. Volume of consumption and patterns of drinking determine the burden of 
disease and risk of alcohol-related hospitalization  (Rehm et al. 2003). Somatic reasons for 
alcohol-related hospitalizations include short-term adverse effects of alcohol consumption, 
including alcohol intoxications and long-term adverse effects such as diseases caused by chronic 
alcohol abuse or dependence (Rehm et al. 2003; Caputo et al 2012). Heavy alcohol use affects 
the cardiovascular, gastrointestinal and immune systems and thereby shortening the onset of 
many diseases such as heart disease, stroke, cancers and liver cirrhosis. In addition, alcohol use 
disorders are associated with mental health illnesses such as depression, anxiety and insomnia 
(Wetterling et al. 2003; Schuckit 2009). Consistent research results have been identified for 
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chronic alcohol-related adverse health effects, such as alcohol-use disorders, cardiovascular 
diseases (CVDs), depression, many cancers (such as lip and oropharyngeal cancer, oesophageal 
cancer and laryngeal cancer), liver cirrhosis, and chronic pancreatitis (Rehm et al. 2003; Rehm et 
al. 2009).  
 
Alcohol-related hospitalizations reflect the severity of alcohol use disorders and higher number 
of hospitalization periods indicates a more severe problem. Currently, there are only few studies 
available on the predicting factors for alcohol-related hospitalizations. Lawder et al. (2011) 
examined the association of different risk factors with alcohol-related hospital admissions in the  
Scottish general population, aged 16-74 years. According to the results, 3.4% of 8305 
respondents experienced at least one alcohol-related hospitalization. Moderate to excessive 
drinking was a strong predictor of alcohol-related hospitalization. There was a strong dose –
response relationship found; excessive drinkers were over three times more likely to be admitted 
to hospital with an alcohol-related diagnosis compared with light drinkers. Men had two-fold 
risk for alcohol-related hospitalization compared to women. Other significant risk factors 
included moderate or heavy smokers and social factors such as being retired, unemployed or 
economically inactive, being single, separated, divorced or widowed. (Lawder 2011.) 
 
Finnish study on risk factors for hospitalizations and deaths due to alcohol-specific diagnoses 
concluded that overall alcohol intake and being an ex-drinker are associated with alcohol specific 
hospitalizations and deaths (Poikolainen et al. 2011). Mäkelä & Paljärvi (2008) examined 
whether differences in drinking patterns between socioeconomic groups could explain the 
observed socioeconomic differences in alcohol-related mortality and hospitalisations. According 
to results, the effect of drinking on mortality and hospitalizations did not differ between 
socioeconomic groups, but heavy drinking increased the risk of severe outcomes, including 
hospitalization, more among manual workers. Differences in drinking patterns between 
socioeconomic groups and large socioeconomic differences in mortality and hospitalisation 
remained unclear in this study. According to the statistics, the trend in alcohol related deaths was 
decreasing across almost all age groups, except among the elderly (age groups of 60-64 and 65 
and over) and in 2012, a total of 28 698 alcohol-related periods of hospital care were registered 
in Finland. (National Institute for Health and Welfare 2013.) 
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3. AIMS OF THE STUDY 
 
3.1 Main aim of the study 
 
The aim of this study is to increase understanding on different factors predicting serious 
outcomes of alcohol use disorders (AUDs) by using a naïve Bayesian classification (NBC) 
modeling. Severe outcomes of AUDs were measured as having experienced more than one 
alcohol-related hospitalization periods.  
 
3.2 Specific aims of the study 
 
The specific interest of this study was to examine the role of alexithymia, cynicism and 
depression as predicting factors for multiple alcohol-related hospitalizations among middle-aged 
and elderly Finns. These relations were examined by utilizing the Toronto Alexithymia Scale 
(TAS-26), Cynical Distrust Scale, and Human Population Laboratory (HPL) measurement 
results from the 1985-1989. Both the total score and each of the sub-questions were examined as 
separate predictors.  
 
In addition, risk factors identified in the previous studies were examined, including 
socioeconomic factors such as age, gender, education, occupation, and income as well as certain 
health behavioural preferences including smoking status and volume and pattern of alcohol 
consumption.  
 
The number of alcohol-related hospitalization due to somatic reasons was selected as the 
outcome variable, reflecting the severity of alcohol use disorders. The outcome variable was 
dichotomous, consisting of two groups: those having experienced only one alcohol-related 
hospitalization period and those having two or more alcohol-related hospitalization periods. 
Multiple treatment periods due to alcohol-related reasons was considered to reflect more severe 
alcohol-related health problems. 
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4. RESEARCH QUESTIONS 
 
1. Does the Toronto Alexithymia Scale (TAS-26), Cook-Medley Cynical Distrust scale, 
Human Population Laboratory Depression Scale (HPL), or some of the sub-questions of 
these tests predict multiple alcohol-related hospitalizations among the middle-aged and 
elderly Finns? 
 
2. Do socioeconomic factors such as gender, education, occupation, or income predict 
multiple alcohol-related hospitalizations among the middle-aged and elderly Finns? 
 
3. Does the pattern and volume of drinking or the smoking status predict multiple alcohol-
related hospitalizations among the middle-aged and elderly Finns? 
 
 
5. STUDY DESIGN 
 
Study design is a retrospective sub-cohort study. 
 
 
6. MATERIALS AND METHODS 
 
6.1 Study population 
 
Study subjects (n=71) form a sub-group from the Kuopio Ischemic Heart Disease Study (KIHD), 
which is an on-going prospective population-based study investigating risk factors for the major 
public health diseases with approximately 3000 participants. One of the specific purposes of the 
KIHD study is to provide new information on different risk factors in the development of alcohol 
dependence and addiction. KIHD data consists of baseline examinations conducted in the 1980’s 
and follow-up examinations after 4, 7, 11 and 18 years.  
 
Study population of this study consisted of those KIHD study subjects, who were hospitalized in 
the Kuopio University hospital between 1990-2011 due to somatic alcohol-related diagnosis 
(Appendix 1). A total of 63 men and 8 women were identified and included in this study. Their 
medical records of all the alcohol-related hospitalization treatment periods were examined for 
 20 
mentions of the duration of the alcohol problem. This information was combined with KIHD 
baseline questionnaire data consisting of socioeconomic status and health behaviour concerning 
alcohol consumption patterns, volume of drinking, and drinking preferences. Finally, the 
measurement results of the Toronto Alexithymia Scale (TAS-26), Cynical Distrust Scale, and 
Human Population Laboratory (HPL) were obtained and included from the baseline 
questionnaire. 
 
6.2 Data-collection method 
 
Measurements of Toronto Alexithymia Scale, Cynical Distrust Scale, and Human Population 
Laboratory as well as the data concerning socioeconomic status, smoking, and drinking patterns 
and volume of drinking were obtained from the KIHD- baseline data and were combined with 
the information on alcohol-related hospitalization treatment periods from the University Hospital 
patient records. The University Hospital patient record data was collected between August and 
November in 2013 in the Kuopio University Hospital as a part of a larger alcohol-research 
project. Collected data included patient diagnosis, number and length of the treatment periods, 
and hospital discharge information. In addition, information concerning medical procedures, 
medications and alcohol interventions were collected as part of the research project. Only the age 
at the time of hospitalization, notations of the duration of the alcohol problem, and the number of 
treatment periods were utilized in this study. 
 
6.3 Ethical consideration 
 
As patient records were examined, an informed consent from the study subjects was required and 
applied. A written informed consent was obtained at the KIHD study baseline examinations. In 
addition, permission from the Kuopio University Hospital to collect data from the patient records 
was admitted 2/2013. 
 
6.4 Data-analysis methods 
 
Data was first analyzed with SPSS statistical program by using cross-tabulations and 
nonparametric tests. In addition, logistic regression models were used in order to provide 
comparison for the naïve Bayesian analysis, which was conducted in the second phase of the 
data analysis. This analysis was performed with BayesiaLab Academic edition (Laval Cedec, 
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France, www.bayesialab.com) and a naïve Bayesian classification (NBC) was applied in order to 
create a model that predicted the number of alcohol-related hospitalizations among the middle-
aged and elderly Finns. Also PREQ, a web-based naïve Bayes classifier (NBC), was used in the 
modeling. PREQ is a Bayesian classifier, which is able to use multidimensional priors, e.g. 
separate priors for the outcome variable in general and for the outcome variable according to 
each predicting variable. NBCs have equaled or outperformed logistic regressions, especially in 
small data sets, in terms of prediction accuracy (Ng & Jordan 2002; Soini et al. 2009; Blomsted 
2007), variable selection, and multiple performance measures (Soini et al. 2009.) 
 
A complete list of the variables used in this study and the Pearson’s correlations and Mann-
Whitney tests are presented in Table 1. 
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Table 1. Description and comparison of the variables according to the outcome group 
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Bayesian approach 
 
The central idea of the Bayesian approach is to update knowledge (Etzioni & Kadane 1995). In 
the Bayesian paradigm prior information is combined with the new data of the phenomena of 
interest in order to generate a more in depth understanding of the observed phenomena. The 
outcome of Bayesian analysis is called the posterior distribution and the transformation from 
prior to posterior is achieved through Bayes Theorem. When no prior information is available on 
the estimated parameters, noninformative priors can be used. Most often the uniform distribution 
is being used as a noninformative prior. (Etzioni & Kadane 1995; Lappenschaar et al. 2013; 
Luoma2014.)  
 
Posterior distribution is the basic tool of Bayesian estimation. It includes estimates for posterior 
mean, mode and median.  Graphical presentation of the summary statistic can directly be used 
for inference. (Etzioni & Kadane 1995.) 
 
Bayes theorem: 
 
P(A∣B) = P(B∣A)P(A) 
 P(B) 
 
P(A) = prior probability of A (a priori) 
P(A∣B) = posterior probability 
P(B∣A) = conditional probability of B given A 
P(B) = prior probability of B 
 
Bayesian modelling starts with specifying a set of models estimating the outcome event, in this 
case the number of alcohol-related hospitalizations. If prior information is available it can be 
assigned to each model and then the likelihood of each model is calculated. Each model has 
different likelihood functions. Based on the Bayesian formula, posterior probabilities are then 
calculated. In the Bayesian approach the hypothesis testing is based on the idea of giving 
probabilities to models and the models are then compared pairwise assuming that one of the 
models is true. Thus the Bayesian hypothesis testing differs from traditional approach: the result 
of the Bayesian hypothesis test is simply the probability that the null hypothesis is true and the 
actual decisions are based on the relative posterior probabilities of H0 and H1, which are 
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interpreted based on the evidence provided by the data in favour of one or the other. (Etzioni & 
Kadane 1995; Luoma 2014.) 
 
Bayesian belief networks consist of a family of probabilistic models, enabling identification of 
probabilistic relationships among variables of interest. (Lappenschaar et al. 2013.) The 
Dependency model is a complex network expressing mutual correlation. Conditional 
probabilities of the network describe the strength of the correlation. (Lappenschaar et al. 2013.) 
The program used in this study is BayesiaLab. In this programme, variables of interest are called 
nodes, and these nodes are linked to each other with arcs. These links represent causal 
dependencies among the variables, which are quantified by calculating conditional probabilities 
for each node. 
 
Compared to standard multilevel regression methods, which are useful in research that 
concentrates only on single disease, multilevel Bayesian networks allow exploring multiple 
diseases and their distribution and possible interactions at the same time. (Lappenschaar et al. 
2013.) In addition, Bayesian networks are capable of analysing both linear and non-linear 
dependencies. They are also suitable for handling nominal and ordinal attributes and there is no 
limit for minimum sample size. (Myllymäki & Tirri 1998.) In previous studies, Bayesian 
networks have been used to model changes in multimorbidity, to examine prognostic risk factors 
for long-term frequent use of primary health care services, and to examine patients’ perceptions 
on doctor-patient encounters in health care (Koskela 2008; Lappenschaar et al. 2013; Salokekkilä 
2011).  
 
6.4.1 Classification of the variables 
 
As BayesiaLab programme processes data on a discretized basis, were continuous variables 
discretized automatically by using the BayesiaLab’s Data Import Wizard. The main reason for 
discretizing continuous variables is the advanced capability of the model to capture more 
complex non-linear relationships between the variables. Data Import Wizard calculated K-means 
for the continuous variables. Manual discretization was used to determine the cut-off points 
based on the literature only for the Toronto Alexithymia Scale and Human Population 
Laboratory Depression Scale. Manual categorization of Cook-Medley Cynical Distrust Scale into 
quintiles and tertiles were also made, but the BayesiaLab automatic categorization provided 
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strongest associations and therefore manual categorization was rejected in the final data-analysis 
stage.  
 
BayesiaLab programme has an additional feature of dividing the data into a test set (20% of the 
data) and a learning set (80% of the data), which improves the accuracy of the data analysis. As 
the dataset in this study was relatively small, this division was not applied. Instead of using a 
separate learning set and test set, a leave-one-out cross validation (LOOCV) method was used. 
Because this feature is not available in BayesiaLab programme, PREQ NBC was used.  
 
Outcome variable: The number of alcohol-related hospitalizations 
 
Study population was divided into two groups based on the outcome variable; the first group 
(n=22) experienced only one alcohol-related hospitalization and were considered as not as severe 
cases as the second group (n=49), who experienced two or more alcohol-related hospitalizations 
were considered as having more severe form of alcohol use disorders. 
 
Toronto Alexithymia Scale (TAS-26) 
 
The original 26-item Toronto Alexithymia Scale (TAS-26) was used in the KIHD study to assess 
the prevalence of alexithymia. In the original KIHD baseline study population, which was a 
representative general population cohort of 2682 men, the distribution of the 26-item version of 
TAS was approximately normal. According to the baseline measurements, 60% of respondents 
were not alexithymic, 20.9% were moderately alexithymic and 19.1% were highly alexithymic 
(Kauhanen et al. 1996). Previous studies using the KIHD data have applied the following limits 
for alexithymia: scores less than 70 were defined as nonalexithymic, scores ranging from 71-77 
were considered as moderately alexithymic, and scores between 78-107 were considered as 
highly alexithymic. These limits were applied in this study also (Table 2.). Additionally each of 
the sub-questions were also analysed as independent variables. 
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Table 2. Alexithymia score of the study population at the baseline 
 
Alexithymia score  
<70 
Alexithymia score  
71-77 
Alexithymia score  
78-107 
Missing value 
N=33 N=17 N=13 N=8 
 
 
Cook-Medley Cynical Distrust Scale 
 
Cynical hostility was measured in the KIHD study with an eight-item Cynical Distrust Scale, 
which was derived from the Cook-Medley Hostility Scale. A four-point Likert Scale was used 
and the following statements were included: 
 
People lie for their own benefit 
People would not like to help 
Friends are useful for people 
It is better not to trust anybody 
Nobody cares what happens to another person 
People are honest because they are afraid 
I think why someone would like to help me 
People use unscrupulous means 
 
These statements were reversely scored and summed, forming the Cynical Distrust Scale score. 
In addition to the Cynical Hostility total score, each sub-question was used as an independent 
variable. Distribution of the total score in quintiles is presented in Table 3.  
 
Table 3. Cynical Distrust scale scores in quintiles 
 
1st quintile 
(Score 9 or less) 
2nd quintile 
(Score 10-12) 
3rd quintile 
(Score 13-15) 
4th quintile 
(Score >15) 
Missing value 
N=12 N=18 N=13 N=16 N=12 
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Human Population Laboratory Depression Scale (HPL) 
 
The Human Population Laboratory Depression Scale (HPL) was used to measure and identify 
depressive symptoms among the study subjects. The HPL depression scale consists of 18 
questions and it is especially suitable for general population studies. In previous studies, using 
the same KIHD data, the cut-off score indicating depression was set to 5 points or more. 
(Tolmunen et al. 2003.) The same limit was applied in this study also (Table 4). 
 
Data on Human Population Laboratory Depression Scale was obtained from the KIHD baseline 
measurements. However, it is important to note that the baseline information was available only 
for men (n=63). Therefore, it was not possible to study depression as a predicting factor for 
multiple alcohol-related hospitalizations among women and hence, women were excluded from 
the depression analysis.  
 
Table 4. Human Population Laboratory Depression Scale (HPL) score distribution among men 
 
HPL depression score 
< 5 
HPL depression score 
≥5 
Data missing  
 
N= 48 N= 14 N= 1 
 
 
Estimation of the starting age of drinking problems 
 
The cut-off age of 45 years was used for the late-onset of alcoholism according to the proposal 
made by Wetterling et al. (2003). The cut-off age was collected from the patient records of the 
alcohol-related hospital admissions. In the cases where the precise estimation of the onset of 
drinking problem was reported with terms such as “few years ago” or “several years ago” and 
the age of study subject was more than 60 years, the study subjects were classified as late onset 
drinkers (Table 4). 
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7. RESULTS 
 
7.1 SPSS binary logistic regression analysis 
 
Data was first analysed with SPSS in order to provide comparison for the results gained from the 
Bayesian analysis. As expected, the relatively small study population influenced the results of 
the binary logistic regression analysis carried out with SPSS. In the following sections  the main 
outcomes of the SPSS binary logistic regression analysis are presented. 
 
Socio-economic factors as predictors of multiple alcohol-related hospitalizations 
 
The results of the binary logistic regression analysis on the relationship between socioeconomic 
factors and the number of alcohol-related hospitalizations are presented in Table 5.  The 
association between gender and an increased risk of multiple alcohol-related hospitalizations was 
statistically significant. Men had an increased risk of multiple alcohol-related hospitalizations of 
9,86 times compared to women. The associations between the amount of alcohol-related 
hospitalizations and education, income, or marital status were not statistically significant. 
 
 
Table 5. Binary logistic regression model for alcohol-related hospitalization and socio-economic 
factors  
 
 
 
Alexithymia-, cynicism- and HPL depression score as predictors of multiple alcohol-related 
hospitalizations 
 
The cynicism score had a statistically significant association with the number of alcohol-related 
hospitalizations. An increase in the cynicism score from 6-11 to 12-15 indicated a statistically 
significant decrease in the risk of multiple alcohol-related hospitalizations by 0,178 times. The 
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SPSS analysis did not find statistically significant associations for the Toronto Alexithymia score 
or for the HPL depression score (Table 6). 
 
Table 6. Binary logistic regression model for alcohol-related hospitalization and cynicism-, 
alexithymia- and HPL depression score	  
 
 
 
Smoking status, drinking pattern and volume of drinking as predictors of multiple alcohol-
related hospitalizations 
 
The association between binge drinking and an increased risk of multiple alcohol-related 
hospitalizations was statistically significant (Table 7). As the binge dose increased from 0-2 to 7 
or more the risk of alcohol-related hospitalization increased 13,4 times. Neither the weekly 
alcohol consumption, or the smoking status at the baseline indicated statistically significant 
associations with the risk of alcohol-related hospitalization. 
 
Table 7. Binary logistic regression model for alcohol-related hospitalization and smoking status 
and drinking pattern and volume 
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7.2 BayesiaLab and supervised learning – Naïve Bayes modelling 
 
The three most significant strengths of the Bayesian analysis are the suitability for handling both 
nominal and ordinal attributes, the ability to deal with missing values, and the feature that this 
method does not have a limit for the minimum sample size (Kharya et al. 2014). As the study 
sample in this study was relatively small (n=71), the use of the Bayesian approach was justified 
as the primary data analysis method.  
 
The justification for using Naïve Bayesian modelling instead of logistic regression arises from 
the methodological studies. Kharya et al. (2014) studied Bayesian belief networks for prognosis 
and diagnosis of breast cancer. The study concluded that Bayesian network classifiers 
outperformed neural networks on the prediction accuracy and were able to rank the attributes 
that most significantly indicated the likelihood of default. Ng & Jordan (2001) compared 
discriminative and generative learning methods and showed that for very small sample sizes, 
generatively trained naïve Bayes classifiers outperformed discriminatively trained logistic 
regression. Blomsted (2007) compared the predictive accuracy of logistic regression and Naïve 
Bayes classifiers in coronary angiography. The study demonstrated that as the sample size was 
reduced to n= 150, Naïve Bayes outperformed logistic regression in predictive accuracy.  
 
In this study, supervised learning and Naïve Bayes was used for the predictive modelling without 
a priori information. The assumption of Naïve Bayes is that all the variables in the data are 
independent and one dependent variable is being predicted by a group of independent variables. 
In Bayesian network visualization each node represents one potential risk factor and arcs 
connecting nodes represent direct dependencies between the corresponding variables. The 
number of alcohol-related hospitalizations was set as the target variable (called as the target node 
in BayesiaLab programme) for the analysis with focus on the value indicating several alcohol-
related hospitalizations. BayesiaLab then calculated and visualized the variables (n=72), 
including all the sub-questions of alexithymia, cynicism, and depression scales, that were 
connected to the target node as well as those not connected. This data analysis and visualization 
is presented in detail in the following sections. 
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Arc’s mutual information 
 
The strength of the node (=variable) connections to the outcome variable was evaluated with 
Arc’s mutual information tool, which provides information on how much knowing one of the 
variables reduces the uncertainty about the other variables. The amount of nodes was limited by 
removing all the weak connections (less than 10% significance) and nodes that were connected 
to each other in order to avoid over-fitting of the model. Over-fitting in this context means that 
the model includes too many variables leading to reduced robustness of the model. As the data 
set consisted of only 71 observations, the final amount of variables included in the model was 
not to exceed 10%. The risk of over-fitting increases if the dataset is small and the variables 
included in the analysis are not able to predict the outcome very well, as was the case in this 
analysis. 
 
The first stage of variable elimination is presented in Figure 1. At this stage, the 5 strongest 
variables of the data set (n= 72) were included in the model: gender, binge dose, drinking 
preference, Cook-Medley Cynicism score and Toronto Alexithymia Scale sub-question p0335 “I 
have feelings that even doctors don’t understand”. 
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Figure 1. First step of the Naïve Bayes predictive model: Arc’s mutual information 
 
Arc’s mutual information provides information on how much knowing one of the variables 
reduces the uncertainty about the other variables. Target variable (number of alcohol-related 
hospitalizations) is located in the middle of the figure and the predicting variables are situated 
around the target variable. Size of the nodes represents “node force” value in BayesiaLab 
mapping function. In the first step of the Naïve Bayes modelling, the binge dose was the 
strongest predictor (31,6%) of multiple alcohol-related hospitalizations. Gender (25.1%) and 
drinking preference (22.4%) were the next strongest predictors and the Cook-Medley cynicism 
score (10.2%) and the Toronto Alexithymia Scale sub-question “feeling that even doctors don’t 
understand” (10.6%) predictors followed. 
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Visual Mapping 
 
The visual mapping function was used to evaluate the amount of information gainned regarding 
the target node, which was the value of multiple alcohol-related hospitalizations. Mutual 
information with the target node feature was selected and the Pearson’s correlation was applied 
in the visualization. The results of the visual mapping are presented in Figure 2. 
 
Figure 2. First step of the Naïve Bayes predictive model: Visual mapping and Pearson’s 
correlations 
 
In Figure 2, the target variable (number of alcohol-related hospitalizations) is located in the 
middle of the figure and the predicting variables are situated around the target variable. 
Thickness of the lines represents the Pearson’s correlation and the blue colour of the line 
indicates positive correlations and the red colour indicates a negative correlation. The size of the 
node represents “node force” value in the Bayesialab mapping function. The node colour of the 
variables represents the mean value in relation to the target node (=multiple alcohol-related 
hospitalizations). Default settings were applied and the red colour represents the low end of the 
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value range and the green colour represents high values. The size of the node is proportional to 
the node force and the thickness of the links is proportional to the arc force. In Figure 2, gender 
and binge dose represented the strongest arc forces correlating with the Pearson’s correlations. 
 
In Figure 2, Pearson’s correlations for each of the selected variables are presented in relation to 
the outcome variable. Binge dose provided the highest (43,6%) information regarding the target 
node (=multiple alcohol-related hospitalizations). Also, gender (37,1%) and drinking preference 
(31,4%) provided relatively strong information on the target node. The Cook-Medley cynicism 
score brought only 14,4% information gain and the Toronto Alexithymia Scale sub-question 
“feelings that even doctors don’t understand” was negatively associated (-16,6%) with the target 
node. This negative association can be interpreted as the following: agreeing totally with this 
sub-question statement is associated with multiple hospitalizations. 
 
Target mean analysis 
 
After conducting arc’s mutual information analysis and visual mapping, a target mean analysis 
was performed (Figure 3). Target mean analysis allows for the study of nonlinear effects and 
graphically view the impact of changes in the nodes’ means on the target node mean. In this 
study, the target mean analysis was performed by using the “soft evidence” parameter. This 
parameter allows the setting of intermediate points, virtual values between actual values. Thus, 
for example the outcome variable number of hospitalization shows decimal values between 
actual values 1 and 2. In Figure 3, Y-axis represents the target node (number of alcohol-related 
hospitalizations) and on the x-axis, the programme calculated normalized variable mean values 
for all of the nodes (variables) standardised between 0 and 100. The mean of each node was 
computed from the values associated with the node. If it was not possible to calculate mean value 
(e.g. for gender), a default set of values from 0 to the number of states -1 was used. 
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Figure 3. Target mean analysis 
 
Vertical axel indicates means of the outcome variable. Horizontal axel indicates values of predicting variables, normalized to scale 0 -100 to 
make them comparable. The analysis was performed by using “soft evidence” feature, which gives virtual decimal values between actual values. 
 
In Figure 3, binge dose showed linear relationship with the number of alcohol-related 
hospitalizations. As the binge dose increased from 0-2 to 3-6 and 7 or more, the risk of multiple 
alcohol-related hospitalizations increased. This result reflects gender differences in drinking 
patterns: men drink more alcohol than women and binge drinking is more prevalent among men. 
Thereby, the dose-response relationship between the volume of drinking and the risk of specific 
alcohol-related diseases leading to alcohol-related hospitalization is more prevalent among men. 
Consequently, target mean analysis showed linear relationship for gender indicating that male 
gender increased the risk of multiple alcohol-related hospitalizations. These results are in line 
with previous studies (Lau et al. (2007). 
 
Drinking preference had a nonlinear relationship with the outcome variable and as the drinking 
preference changed from abstinence to beer drinking, and further to hard liquor, the risk of 
multiple alcohol-related hospitalizations increased. Even though any type of alcohol can cause 
the same type of damage to health, it is apparent that consuming alcoholic beverages, containing 
 36 
higher strengths of ethanol, is more harmful to health compared to alcoholic beverages 
containing lower strengths of ethanol. Thereby, drinking preference should be assessed together 
with drinking pattern in order to estimate possible adverse health consequences. 
 
The Cook-Medley cynicism score had slightly a non-linear relationship with the outcome 
variable and higher cynicism score seemed to increase the risk of multiple alcohol-related 
hospitalizations. If cynicism is considered as a social construct, it is possible that cynically 
hostile individuals may have a psychosocial profile that increases their vulnerability to disease 
(Barefoot et al. 1991; Haan et al. 1989). Currently, there are no studies on cynicism as predictor 
of alcohol-related hospitalizations, but one research study linked cynicism with all-cause 
mortality and suggested that excessive alcohol consumption mediates this association (Almada et 
al. 1991). 
 
Toronto Alexithymia Scale sub-question “feelings that even doctors don’t understand” was 
reversely associated with the outcome variable. Those who totally or somewhat agreed, had a 
higher risk for multiple alcohol-related hospitalizations, compared to those who somewhat or 
totally disagreed. These findings are in line with previous studies that have identified that among 
alcohol dependent populations the prevalence of alexithymia is increased and is estimated to be 
approximately 45-67% (Thornberg 2009). In addition, associations between alexithymia and 
heavy drinking patterns have been identified (Kauhanen et al. 1992). 
 
7.3 PREQ and leave-one-out cross-validation (LOOCV) 
 
PREQ is a web-based Naïve Bayes classifier, which has better prediction accuracy and variable 
selection in small data sets compared to logistic regression (Ryynänen et al. 2013). The Naïve 
Bayes model including five potential predictive variables and one outcome variable was tested 
for overfitting by using the PREQ programme.  
 
Overfitting is a common problem in machine learning. Overfitting means that the model is too 
complicated, giving unrealistically good predictions. The problem especially occurs when the 
size of the data is limited. Hence, the model becomes excessively complex, due to having too 
many parameters relative to the number of observations. Overfitting can be avoided by using 
different methods. The most common is to divide the material into a learning set and test set. 
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Thereby, the researcher tries to minimize the amount of predictors without significantly 
worsening the predictive ability of the model (Gelman 2004). 
 
In this analysis, the data is limited (n=71), which does not allow for the division of the data into 
learning and test sets. Thus, a leave-one-out cross validation (LOOCV) method was used. This 
feature is available in PREQ web-based NBC (Ryynänen et al. 2013). The target was to find as 
simple model as possible (smallest amount of predicting parameters still showing the predictive 
value of the model). 
 
As a result of the LOOCV analysis (Table 8) the default classification score was 70.4%. Two of 
the variables, drinking preference and the Cook-Medley Cynicism score caused over-fitting in 
the model and were excluded from the final version of the model (Table 9). After excluding 
these variables, the log-score changed from 0.62 to 0.52, indicating that the model was 
accurately reading the data and was capable of predicting observations in the data. 
 
Table 8. Leave-one-out cross-validation (LOOCV) 
 
 
 
Table 9.  Variables included after the LOOCV analysis 
 
 
 
In Table 10, the sensitivity and specificity of the model are presented. After fitting the total 
material into the model, the sensitivity of the model was 70%, the specificity was 75%, the 
positive predictive value was 32%, and the negative predictive value was 94%. Based on the 
aforementioned findings, the model appears to be more capable of predicting those hospitalized 
only once than those hospitalized more than once. 
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Table 10. Sensitivity and specificity of the model 
 
  
Parameter	   Value	   95%	  confidence	  interval	  
Sensitivity	   70%	   35-­‐93%	  
Specificity	   75%	   63-­‐86%	  
Positive	  Predictive	  Value	   32%	   14-­‐55%	  
Negative	  Predictive	  Value	   94%	   83-­‐99%	  
 
 
7.4 Final version of the Naïve Bayes analysis 
 
Based on the results of the LOOCV analysis, Naïve Bayes analysis without a priori information 
was repeated with the following three variables included: gender, binge dose and the Toronto 
Alexithymia Scale sub- question “feelings that even doctors don’t understand”.  
 
Arc’s mutual information 
 
The final stage of the Arc’s mutual information analysis, providing information on how much 
knowing one of the variables reduces the uncertainty about the other variables, is presented in 
Figure 4.  
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Figure 4. Final version of the Naïve Bayes predictive model and Arc’s mutual information 
 
Binge dose remained the strongest predictor of multiple alcohol-related hospitalizations (39.8%) 
where as gender (30%) and Toronto Alexithymia Scale sub-question “feelings that even doctors 
don’t understand” (30.2%) were equally the second strongest predictors of multiple alcohol-
related hospitalizations. 
 
Visual Mapping 
 
Visual mapping and the Pearson’s correlations for each of the variables in relation to the 
outcome variable are presented in Figure 5. 
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Figure 5. Final version of the visual mapping and the Pearson’s correlations 
 
 
Visual mapping presented as Pearson’s correlations provided the following results: binge dose 
continued to provide highest (41.3%) information gain regarding the target node (=multiple 
alcohol-related hospitalizations). Information gain regarding gender (33.4%) decreased slightly 
but remained relatively strong. Toronto Alexithymia Scale sub-question “feelings that even 
doctors don’t understand” provided (-33.3%) information gain regarding the target node. 
 
The node colour was green for the binge dose and Toronto Alexithymia Scale sub-question 
“feelings that even doctors don’t understand”, representing the high end of the mean value range 
of the target node (=number of alcohol-related hospitalizations). This can be interpreted as 
following: an increased binge dose and agreement with the Toronto Alexithymia Scale sub-
question statement indicated multiple alcohol-related hospitalizations. Gender represented the 
lower end of the value range, indicating that female gender is less associated with multiple 
alcohol-related hospitalizations than male gender. The strongest arc force was found for the 
binge dose. 
 
 
 
 
 
 41 
Target mean analysis 
 
Figure 6. Final version of the target mean analysis 
 
 
Vertical axel indicates means of the outcome variable. Horizontal axel indicates values of predicting variables, normalized to scale 0 -100 to 
make them comparable. The analysis was performed by using “soft evidence” feature, which gives virtual decimal values between actual values. 
 
In Figure 6, binge dose showed almost linear relationship with the number of alcohol-related 
hospitalizations. As the binge dose increased from 0-2 to 3-6 and to 7 or more, the probability of 
multiple alcohol-related hospitalizations increased. Gender continued to have a linear 
relationship with the outcome variable and the male gender increased the risk of multiple 
alcohol-related hospitalizations. Toronto Alexithymia Scale sub-question “feelings that even 
doctors don’t understand” was reversely associated with the outcome variable and those who 
totally or somewhat agreed with the statement had a higher risk for multiple alcohol-related 
hospitalizations, compared to those who somewhat or totally disagreed. 
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Targeted evaluation and the Receiver Operating Characteristic (ROC) curve 
 
In order to evaluate the prediction performance of the Naïve Bayes network, the Receiver 
Operating Characteristic (ROC) curve is applied. The Y-axis of the ROC curve represents the 
true positive rate and the X-axis represents the false positive rate. In an optimal model, all of the 
cases would be predicted 100% accurately. In this study the area under the ROC was 74.65, 
indicating a total precision rate of 74.65% for the model. Compared to the LOOCV value of 
70.42 (Table 8), an almost 5% difference can be identified, indicating that the fitness of the 
model is mediocre. ROC curve is presented in Figure 7. 
 
Figure 7. Targeted evaluation of the number of alcohol-related hospitalizations 
 
True	  positive	  rate	  
	  
	   	   	   	   	   	   False	  negative	  rate 
 
ROC curve is used as a tool for choosing the probability thresholds that are used in the decision 
rules. ROC curve is a graph of the positive likelihood ratios where y-axis represents sensitivity 
and the x-axis represents false positive results. If the ROC curve runs from the intersection of the 
x and y axes to the upper right-hand corner of the graph, the curve can be interpreted to operate 
 43 
by chance. Respectively, if the curve reaches the upper left-hand corner, then the model predicts 
perfectly every true positive value. Usually this is a sign of an over-fitted model. (Lang 2006.)  
 
The model built in this study had a total precision rate of 74.65%. In summary, knowing the 
gender, binge dose and the response to the Toronto Alexithymia Scale sub-question “feelings 
that even doctors don’t understand”, this model is able to predict the probability of multiple 
alcohol-related hospitalizations with 74.65% accuracy. 
 
 
8. DISCUSSION 
 
Findings 
 
This study aimed to increase knowledge on different risk factors predicting the severe outcomes 
of alcohol use disorders, measured as the number of alcohol-related hospitalizations. A Naïve 
Bayes model was built to predict multiple alcohol-related hospitalizations among middle-aged 
and elderly Finns (n=71). A notable amount of potential risk factor variables (n= 72) were 
examined, including gender, several socio-economic risk factors, psychosocial factors and 
personality traits and measures on health behaviour. Three predicting factors were identified: 
binge drinking dose, gender, and Toronto Alexithymia Scale sub-question “feelings that even 
doctors don’t understand”. Binge dose showed an almost linear relationship with the number of 
alcohol-related hospitalizations. As the binge dose increased from 0-2 to 3-6 and to 7 or more, 
the probability of multiple alcohol-related hospitalizations increased (Pearson’s correlation was 
41.3%). Also, gender had a linear relationship with the outcome variable and the male gender 
increased the risk of multiple alcohol-related hospitalizations (Pearson’s correlation was 33.4%). 
Toronto Alexithymia Scale sub-question “feelings that even doctors don’t understand” was 
reversely associated with the outcome variable and those who totally or somewhat agreed with 
the statement had higher risk for multiple alcohol-related hospitalizations, compared to those 
who somewhat or totally disagreed (Pearson’s correlation was -33.3%). 
 
By knowing these three factors the model was able to predict the probability of multiple alcohol-
related hospitalizations with 74.65% accuracy. Sensitivity of the model was 70%, specificity was 
75%, positive predictive value of the model was 32%, and negative predictive value was 94%. 
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Thereby, the model was more capable of predicting those hospitalized only once than those 
hospitalized for several times. 
 
Methodological considerations 
 
For a comparison to the Naïve Bayes model, binary logistic regression analysis was conducted. 
As a result, the binary logistic regression identified high binge-drinking dose (p= 0.007) and 
gender (p= 0.05) as risk factors for multiple alcohol-related hospitalizations. In addition, a 
slightly increased cynicism score seemed to protect from multiple hospitalizations (p= 0.046). 
Binary logistic regression did not identify alexithymia scale sub-question as a predicting factor. 
The different approaches of these statistical methods explains the differing results: As the binary 
logistic regression tests the model one variable at the time, the Bayesian approach studies the 
whole model and all of the variables simultaneously by creating probabilistic models that enable 
identification of probabilistic relationships among variables of interest. As the dataset was 
relatively small (n=71), the Bayesian approach was expected to provide more accurate results. 
 
The justification for preferring Naïve Bayesian modelling instead of logistic regression arises 
from the methodological studies. Kharya et al. (2014) studied Bayesian belief networks for 
prognosis and diagnosis of breast cancer and concluded that Bayesian network classifiers 
outperformed neural networks on the prediction accuracy and were able to rank the attributes 
that most significantly indicated the likelihood of default. Ng & Jordan (2001) compared 
discriminative and generative learning methods and showed that for very small sample sizes, 
generatively trained naïve Bayes classifiers outperformed discriminatively trained logistic 
regression. Blomsted (2007) compared predictive accuracy of logistic regression and Naïve 
Bayes classifier in coronary angiography and was able to demonstrate that as the sample size was 
reduced to n= 150, Naïve Bayes outperformed logistic regression in predictive accuracy.  
 
Findings in the light of previous studies 
 
Predictive factors for alcohol-related hospitalization have not been widely studied and no 
previous studies were identified to have considered the amount of alcohol-related 
hospitalizations as an outcome variable. Instead, most of the previous studies have considered 
alcohol use disorders as a dichotomous variable, where the disorder either existed or it was 
missing.  
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The following predictive factors for alcohol-related hospitalizations have been identified in 
previous studies: dose-response relationship between excessive drinking and the risk of alcohol-
related hospitalization was identified by several studies (Rehm et al. 2003; Lawder 2011; 
Poikolainen et al. 2011). This finding was also supported by this study as the high binge dose, 
indicating an excessive drinking pattern, was identified as one of the most important predictive 
factors for multiple alcohol-related hospitalizations. Also, gender differences exist in alcohol-
related hospitalizations: men have been identified to have a two-fold risk for alcohol-related 
hospitalizations compared to women (Lawder 2011). This gender difference was identified also 
in this study, though the disparity in the proportion of men and women in this study was 
distinguishing as 89% of the participants were men. Socioeconomic differences in alcohol-
related hospitalizations were not identified in this study. Neither did the study identify moderate 
or heavy smoking, employment status or marital status, even though they have been suggested as 
potential predicting factors for alcohol-related hospitalizations in previous studies (Lawder 2011; 
Mäkelä & Paljärvi 2008; Poikolainen et al. 2011). 
 
One of the main objectives of this study was to examine the possible role of personality traits and 
depression as predictors of multiple alcohol-related hospitalizations. No previous studies were 
identified to have considered alcohol-related hospitalizations as an outcome variable. However, 
in previous studies, personality traits have been linked to alcohol use disorders (Belcher 2014; 
Kotov et al. 2010). Alexithymia has been linked to substance abuse and heavy drinking (Finn et 
al. 1987; Haviland et al. 1994; Kauhanen et al. 1992). Cynicism has been thought to mediate the 
association of excessive alcohol consumption and all-cause mortality (Almeda 1991; Everson et 
al. 1997). In addition, a potential causal relationship has been suggested for depression and 
problem drinking (Bloningen et al. 2013.)  
 
In this study, cynicism and depression were not identified as predictors of multiple alcohol-
related hospitalizations. One possible explanation is that the findings on decreasing levels of 
cynicism over time (Hakulinen et al. 2014) may indicate that cynicism is at least partly a social 
construct and not entirely a stable personality trait. Furthermore, the cynicism score was 
measured several years before the alcohol-related hospitalization, and it is possible that the 
measurement results were out-dated. As previously mentioned, it was not possible to study 
depression properly in this study as it turned out that the baseline measurements indicated 
depression for only a small minority of the study subjects. The prevalence of depression at the 
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baseline was 18.8% for those having experienced only one alcohol-related hospitalization and 
23.9% for those having experienced multiple alcohol-related hospitalizations. Therefore, it was 
not possible to properly assess depression as a predictor for alcohol-related hospitalizations in 
this study.  
 
However, the study’s most interesting findings concerned alexithymia. Interestingly, Naïve 
Bayes model linked the Toronto Alexithymia Scale sub-question “I have feelings that even 
doctors don’t understand” to multiple alcohol-related hospitalization periods instead of the total 
alexithymia score. In this study 55.9% of the study subjects experiencing multiple alcohol-
related hospitalizations were alexithymic. This proportion fits into the prevalence scale of 45- 
67% identified in the previous studies. Notably, among study participants who experienced only 
one alcohol-related hospitalization, the prevalence of alexithymia was only 30%. 
 
Findings as reflectors of the socio-cultural phenomena of AUDs 
 
In conclusion, the results of this study reflect the cultural phenomena behind the AUDs and 
alcohol-related hospitalizations among middle-aged and elderly people. Excessive alcohol 
consumption causes adverse health effects leading to hospital admissions. Men experience more 
of these severe outcomes than women, as men consume more alcohol and have more harmful 
drinking patterns. The role of alexithymia provides one potential explanation to this 
phenomenon, as it seems to be more prevalent among men than women.  
 
In addition, it is important to acknowledge that AUDs among elderly people are not widely 
studied. Interestingly, in this study, the age of first alcohol-related hospitalization period was 
over 65 years among those who experienced multiple alcohol-related hospitalizations and almost 
63 years among those who experienced only one alcohol-related hospitalization, possibly 
indicating a rather late onset of AUDs. Previous studies have identified that the time period 
between the onset of AUDs and seeking for treatment is 19.1 years for men and 16.1 years for 
women (O´Connor et al. 1993). Earlier studies have also suggested that elderly people with late-
onset drinking problems are under detected and diagnosed in health care due to fewer adverse 
health effects and mental health problems (Aalto & Holopainen 2008; Epstein 2007). One of the 
findings of this study was that the age of the first alcohol-related hospitalization period was 
rather high. This finding may indicate that these patients remained undetected in primary health 
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care for a rather long period of time. Consequently, this study provided an overview on the 
specific age group of middle aged and elderly people, who were hospitalized due to AUDs.  
 
Strengths and limitations  
 
Strengths of this study include a diverse use of statistical methodologies. Bayesian probabilistic 
approach provided the possibility to examine small data sets, numerous variables, and their 
relationships to each other and in regard to the outcome variable. Currently Bayesian approach is 
not widely utilized in the field of public health research in Finland, but it unquestionably 
provides potential adjunct to the more commonly used statistical methodologies when examining 
small datasets.  
 
Despite the extensive selection of variables, this study failed to identify a connection between 
socio-economic risk factors and alcohol-related hospitalizations. In addition, the portion of 
women was modest in this study, which on the other hand reflects the gender differences in 
alcohol-related hospitalizations. Furthermore, it was not possible to study depression, as the 
prevalence of depression in the baseline measures was almost non-existent and the data for 
women was missing. 
 
In addition, it is important to consider the timeline of this study. Baseline measurements were 
collected in the mid-1980s and the hospitalizations occurred between 1990 and 2011. Even 
though gender, socioeconomic status, and alexithymia can be seen as relatively unchanging 
features, depression, cynicism, and drinking volume and pattern, on the other hand may alter 
during the life course. This is important to acknowledge when interpreting the results.  
 
Implication for future research 
 
The results of this study implicate that alexithymia, together with excessive drinking pattern, and 
male gender is associated with an increased risk of multiple alcohol-related hospitalizations. 
Although, this finding needs to be confirmed by using a larger sample size and prospective study 
design, in order to detect potential causal relationships. In addition more recent information on 
depression status and cynicism score should be applied. Another implication for further research 
is to include an even more extensive set of variables in the analysis, as the model built in this 
study provided only a moderate sensitivity and total precision rate.  
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In addition, the age of the first alcohol-related hospitalization period was rather high in this 
study. Therefore, in order to understand whether these patients were undetected in primary health 
care, their patient career and use of primary health care services before the alcohol-related 
hospitalization period should be described and analysed. 
 
 
9. CONCLUSIONS 
 
In this study a Naïve Bayesian predictive model was created in order to predict severe AUD 
outcomes in the form of multiple alcohol-related hospitalizations. Altogether, 72 different risk 
factors were examined. The Naïve Bayes model identified binge dose as the strongest predictor 
of multiple alcohol-related hospitalizations. Gender and Toronto Alexithymia Scale sub-question 
“feelings that even doctors don’t understand” were equally the second strongest predictors of 
multiple alcohol-related hospitalizations. The total precision rate of the model was 74.65%. 
Sensitivity of the model was 70%, specificity was 75%, positive predictive value of the model 
was 32% and negative predictive value was 94%.  Socio-economic factors, depression or 
cynicism did not predict the severity of alcohol use disorders. 
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Appendix 1. Most common diagnoses of the treatment periods 
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